This paper presents an interactive locomotion controller using motion capture data and an inverted pendulum model (IPM). The motion data of a character is decomposed into those of upper and lower bodies, which are then dimension-reduced via what we call hierarchical Gaussian process dynamical model (H-GPDM). The locomotion controller receives the desired walking direction from the user. It is integrated into the IPM to determine the pose of the center of mass and the stance-foot position of the character. They are input to the H-GPDM, which interpolates the lowdimensional data to synthesise a redirected motion sequence on an uneven surface. The locomotion controller allows the upper and lower bodies to be independently controlled and helps us generate natural locomotion. It can be used in various real-time applications such as games.
Introduction
We propose a real-time locomotion controller that can generate motions on an uneven surface along the direction provided by the user. Figure 1 shows how our system works. The controller receives the desired walking direction (indicated by the white arrow) from the user. It is integrated into the inverted pendulum model (IPM) [1] , [2] to determine the pose of the center of mass (COM) and the stance-foot position of the character.
The character used in this study has a total of 31 degrees of freedom (DOFs). We propose a hierarchical Gaussian process dynamical model (H-GPDM) for both constructing a low dimensional space with example sequences of 31-DOF motions and synthesizing a new 31-DOF motion sequence from the low dimensional space. The COM and the stance-foot position determined by the IPM are input to the H-GPDM. It interpolates the low-dimensional data to synthesise a redirected motion sequence.
Locomotion Controller

H-GPDM
Our H-GPDM extends the dimensional reduction techniques proposed by [3] , [4] . It first decomposes the original motion capture data denoted by Y into those for the upper and lower Fig. 2 , where the relationships between data are expressed by functions f and g to be presented later. For training the H-GPDM, we use two forward motions, one left-turning motion, and one right-turning motion. In Fig. 2 , X base has four DOFs and is defined as a series of motion data, {x 1 , x 2 , · · · , x n }. In contrast, the intermediate low-dimensional data X upper and X lower have eight and ten DOFs, respectively.
Random Locomotion
Let us denote a single synthesized step by Y ( * ) . It consists of motion data {y 
COM Pose Computation
The COM position is computed by IPM whereas its orientation is computed using the desired walking direction provided by the user. For simplicity, we assume that the COM corresponds to the root of the character's skeleton and also to the pendulum of IPM. Consider the stair-climbing example in Fig. 3-(a) . Initially the IPM returns the next stance foot (in blue) of a shorter length. We gradually restore its length to the original length until the pendulum reaches its highest point. When going down the stairs, the length of the new stance foot becomes longer than the original. This is not allowed in human locomotion. Therefore, the length of the current stance foot, in dotted blue in Fig. 3-(b) , is gradually decreased until Copyright c 2017 The Institute of Electronics, Information and Communication Engineers Fig. 1 User-directed locomotion on an uneven surface -flat floor with dark-gray boxes. In the IPM, the circle denotes the human's COM, and the line segments abstract the stance feet. The COM pose is calculated to be compatible with both the direction and the uneven surface. Using COM and related information, the H-GPDM interpolates the character motions to produce the redirected motion sequence. the step-change frame such that the new stance foot (in red) reaches the original length at the frame.
For a character to turn to the user-provided direction, we gradually rotate its root for a period centered about the frame when the pendulum reaches its highest point. In order to prevent unnatural locomotion generated by a rapid rotation, the maximum rotation angle in a step is limited to 60
• .
Constrained Locomotion
For locomotion on an uneven surface along the userprovided direction, y ( * ) t needs to be calculated with constraints. Let us denote the constraints by θ. The COM's pose determined in Sect. 2.3 is included in θ, i.e., we calculate "y ( * ) t with the largest probability of p y
If we consider only the COM's pose for θ, the character's stance foot might be deviated when the walking direction is changed. Therefore, the stance-foot position is also included in θ. The stance foot constraint also plays an important role when walking on uneven terrain. For an uphill path, the swing foot (the next stance foot) is restricted not to fall below a certain height; For a downhill path, the swing foot is made to reach a certain height.
Our locomotion controller also accommodates external forces exerted on the character's COM. They are applied to the pendulum of IPM, and thus the COM pose is calculated in a unified manner by a physics engine. This leads to the 'integrated' θ to be consumed by the mapping function f lower . 
Experimental Results
The proposed algorithms are implemented in a PC equipped with an Intel i7-3770 CPU, 8GB RAM, and an NVIDIA GeForce GTX 970 GPU. Figure 4 shows the motion sequence redirected upon user input. Figure 5 -(a) and -(b) show locomotion on an uneven surface with a staircase, and Fig. 5-(c) shows the response motion to the external forces.
(Please see the attached video.) The entire runtime procedure for IPM simulation, motion generation, and rendering is performed at about 36 FPS. Table 1 compares our method with two existing techniques: One was proposed by Levine et al. [5] and the other is the traditional IPM. The method named Levine requires reinforcement learning to generate motions on user input. This step takes about 14min whereas the dimension reduction takes another 5min. In total, it requires 19min preprocessing time. In contrast, the total time required for our method is 7min, which is solely for dimension reduction.
Conclusion
This paper presented a method that combines IPM with lowdimensional motion interpolation to successfully create natural locomotion along the user's input on an uneven surface. However, the method has its own limitation. It is difficult to properly set the number of dimensions and parameters used in H-GPDM training. This could be overcome by adopting a technique that automatically finds the optimal numbers [6] , [7] .
